Background {#Sec1}
==========

Interest in aging has grown exponentially over the last few decades. Some of the aspects of aging, such as disability and frailty, have become the focus of basic and clinical research \[[@CR1]--[@CR3]\]. Frailty syndrome is estimated to affect 20 % of the 75-year-old major population. The consequences of frailty range from the loss of mobility, which affects dependence, to institutionalization, hospitalization and death \[[@CR3]--[@CR5]\]. Moreover, the onset of frailty can be anticipated, avoided or delayed \[[@CR1]\]. Under this framework, frailty reflects physiological deficiencies in organic systems, as well as in physical and cognitive function \[[@CR6]\]. Consequently, affected individuals are more vulnerable to adverse events, such as falls, institutionalization and death \[[@CR6]\].

Although gait disorders are not an inevitable part of aging, dysfunctions in balance and gait are common in old people due to musculo-skeletal, vascular and neurological disorders. Unlike young adults, older individuals exhibit deficiencies in mobility and gait that may result from multiple faults in different physiological systems \[[@CR7]\]. Thus, the early detection of gait disorders has been demonstrated to be effective in identifying subclinical disability states \[[@CR8]\], pathology detection \[[@CR8]\] and fall risk prediction \[[@CR9]\]. Moreover, this detection would provide an opportunity to reduce the functional drop \[[@CR10]\].

In the area of mobility, gait and balance are fundamental scoreboards of lower extremity function and of a patient's aptitude to carry out the activities of daily living (ADL) \[[@CR11]\]. Movement limitations are the major reason for the loss of independence \[[@CR12]\]. A decrease in the habitual gait velocity can be considered a predictor of serious consequences for the individual, including hospitalization or death. Nevertheless, in order to identify other characteristics of walking performance, gait analysis should not be limited to measurements of velocity.

Currently, an important research area linked to gait analysis is being developed to investigate the markers of frailty or other ailments and to improve the diagnosis of these conditions \[[@CR13]--[@CR15]\]. With this aim, different technologies that range from the rudimentary, including the slightly precise but cheap method of direct observation during walking, to complex, including expensive but accurate optoelectronic systems and force platforms, have been used \[[@CR16]\]. Force platforms and optoelectronic systems are the gold standard for gait analysis, but their use remains restricted to the laboratory and is not readily applicable for clinical or domiciliary studies \[[@CR17]--[@CR19]\].

More recently, the use of inertial sensors has emerged as a promising alternative for analyzing human movements. Recent studies have demonstrated that the parameters obtained with these sensors during walking are significantly related to different motor deficiencies, frailty, Parkinson's disorder or other diseases, such as diabetes and mild cognitive impairment \[[@CR20]--[@CR22]\].

The aim of this work was to examine the acceleration signals obtained from a tri-axial inertial magnetic sensor and to extract a collection of parameters to supply additional accurate information about frailty syndrome in a population of advanced age. We hypothesize that these parameters are able to provide useful information for detecting gait impairments and that this technique can provide helpful complementary information to identify frail populations.

Methods {#Sec2}
=======

Subjects {#Sec3}
--------

A total of 718 subjects from an elderly population (319 males, 399 females; age: 75.4 ± 6.1 years, mass: 71.8 ± 12.4 kg, height: 158 ± 6 cm) volunteered to participate in this study (Table [1](#Tab1){ref-type="table"}).Table 1Subjects' characteristics (Mean ± Std.)RobustPre-frailFrail(n = 326)(n = 327)(n = 65)Age (years)73.4 ± 5.576.5 ± 5.680.2 ± 5.6Female18317838Male14314927Height (cm)158.3 ± 7.8157.1 ± 9.2155.7 ± 8.2Body Mass Index28.9 ± 4.128.9 ± 4.829.5 ± 5.1

We selected all of the subjects with available acceleration signals from the Toledo Study for Healthy Aging (TSHA). The TSHA is a Spanish longitudinal study designed to assess and to study frailty syndrome. Briefly, the TSHA comprises two population cohorts. The first cohort is formed by the survivors of the Toledo Study (a population-based cohort initiated in 1994), a population of men and women aged 77 years or older in 2006 \[[@CR23]\]. The second cohort is formed by individuals between 65 and 76 years of age specifically recruited for this study in 2006. All people were subjected to the same assessment \[[@CR24]\]. The study protocol was approved by the Clinical Research Ethics Committee of the Hospital Complex of Toledo, Spain. All study participants provided signed informed consent prior to their inclusion in the cohort.

Frailty was assessed using Fried's criteria \[[@CR6]\], but with the following adaptations: Weight loss was considered to be more than 4.5 kg of unintentional weight loss in the previous year. Slowness was defined using the walking speed test: individuals were asked to walk at their usual pace, following a standardized protocol; the slowest quintile was considered positive for this criterion. Exhaustion was assessed using two questions ("I felt that anything I did was a big effort" and "I felt that I could not keep on doing things"); the answers were scored between 0 and 4. This criterion was considered positive if any question was answered with a score of 2 or higher. Weakness was measured by grip strength using a Jamar hydraulic dynamometer in the dominant hand; the result was adjusted according to the subject's body mass index. Subjects in the bottom quintile were considered positive for this criterion. Low physical activity was based on the Physical Activity Scale for the Elderly \[[@CR25]\]; the worse quintile was considered positive for this criterion.

The subjects were classified as robust if any single criterion was met, as pre-frail if one or two criteria were met and frail if three or more of these criteria were met \[[@CR6]\]. The exclusion criteria were any kind of leg diseases, shuffling gait, other degenerative diseases, or the inability to understand instructions or the questionnaire.

Testing procedures {#Sec4}
------------------

### Walking test {#Sec5}

The subjects walked in a straight line, without obstacles and at a self-regulated speed. The measurements were taken over a 3-m section, starting and ending limits were marked on the floor with tape lines leaving the first and last meters for acceleration and deceleration phases, respectively.

Instrumentation {#Sec6}
---------------

The walking test was performed with an inertial sensor, MTx (XSENS, Xsens Technologies B.V. Enschede, Netherlands), attached over the lumbar spine to record acceleration data. The MTx sensor combines nine individual MEMS sensors to provide drift-free 3D orientation, as well as kinematic data: 3D acceleration, 3D rate of turn (rate gyro) and 3D magnetometry.

The acceleration signal consists of gravitational and inertial components. The accelerometer registers gravity as a static vertical component, in addition to the dynamic acceleration caused by changes in velocity during locomotion. The gravity component must be subtracted to estimate the dynamic acceleration. The 3D orientation data provide the position of the inertial unit with respect to the gravitational vector, allowing the calculation of the inertial component for each axis. The gravitational constant was estimated by leaving the sensor still on a flat surface for two seconds.

To extract representative gait features, the signal intervals corresponding to the subject's movement must be identified and separated. This task was performed by automatic peak detection. The first and last significant peaks of the signal were considered to mark the start and end of the movement, respectively.

A step was set as the interval between two peaks of the vertical acceleration component, corresponding to the moment of foot contact with the ground. To do this analysis based on the clipped signal, an exhaustive selection of the signal peaks was performed to determine the steps taken. To eliminate unrepresentative peaks and facilitate the identification of the most prominent ones, an approximation was made using a wavelet (Coif5 level 3) decomposition. The step pattern for all components of the signal, was calculated by taking the mean across all steps.

Acceleration parameters {#Sec7}
-----------------------

The following measured spatio-temporal parameters are found in the literature to be related to gait disorders \[[@CR15], [@CR22], [@CR26]--[@CR29]\]: step and stride regularity, gait symmetry, coefficient of variation (CoV) of the step time, signal root mean square (RMS) value and approximate entropy (ApEn). The frequential parameters analyzed in this study were the harmonic ratio (HR) and total harmonic distortion (THD). Each step period from every signal was obtained with single peak detection in the vertical acceleration signal. The rest of these parameters were obtained for three directions: vertical (VT), medio-lateral (ML) and antero-posterior (AP).

Step and stride regularity and gait symmetry were obtained from the autocorrelation sequence of the acceleration signal *x*. The autocorrelation coefficients *Am* for time lags *m* are defined as:$$\documentclass[12pt]{minimal}
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The estimation of step and stride regularity was performed by measuring the prominence of the first, *Ad1*, and second, *Ad2*, peaks after the central (zero lag) peak. Gait symmetry was computed through the difference between both peaks normalized to their maximum value.$$\documentclass[12pt]{minimal}
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Gait variability can be estimated by calculating the CoV of step time, where $\documentclass[12pt]{minimal}
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The RMS value is defined by the following equation:$$\documentclass[12pt]{minimal}
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In statistics, ApEn is used to quantify the amount of regularity and the unpredictability of fluctuations in time-series data. The algorithm used to calculate ApEn for each signal was proposed by Ho *et al*. \[[@CR30]\]. The frequential parameter HR was calculated by dividing the sum of the amplitude of the odd harmonics by that of the even harmonics, and the THD is the ratio between the sum of the amplitudes of all harmonics and the amplitude at the fundamental frequency.$$\documentclass[12pt]{minimal}
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Where "A" is the amplitude of the harmonics of the Fourier transform of the acceleration signal.$$\documentclass[12pt]{minimal}
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In both cases, the first 20 harmonics were evaluated.

Statistical analysis {#Sec8}
--------------------

Standard statistical methods were used for the calculation of the means and standard deviations (SD). The differences between the three groups (frail, pre-frail and control) were determined using one-way analysis of variance (ANOVA), with Newman-Keuls post hoc comparisons. When normality test failed (*p* \< 0.05), Kruskal-Wallis One Way Analysis of Variance on Ranks test was used. The *p* \< 0.05 criterion was used for establishing statistical significance. Dunn's multiple comparison post hoc test was used to assess multiple comparisons. 95 % confidence intervals (95 % CI) were also calculated for each parameter.

A preliminary classification tree for the discrimination of frailty was used to determine the most relevant parameters from the set defined in this study. The importance of a variable was defined as the increase in prediction error when its values were permuted across the out-of-bag observations.

Then we defined two classification tree models to discriminate frailty. The first one uses only the gait velocity as discriminating measure. The second one uses the gait velocity and the previously obtained selection of relevant gait parameters. Both models were evaluated using the sensitivity, accuracy, specificity and precision for each frailty status.

The predictive accuracy of frailty of both models (gait velocity with and without gait parameters), was compared using receiver operating characteristic (ROC) curves analyses. Areas under the ROC curves (AUC) of the models were compared using the method of DeLong *et al*. \[[@CR31]\].

Results {#Sec9}
=======

Gait analysis results and groups comparisons {#Sec10}
--------------------------------------------

Fig. [1](#Fig1){ref-type="fig"} shows the mean of the antero-posterior, medio-lateral and vertical accelerations throughout the recorded steps for one subject of each group (frail, pre-frail and robust).Fig. 1Mean antero-posterior, medio-lateral and vertical accelerations over multiple steps for one subject of each group (frail, pre-frail and robust)

Table [2](#Tab2){ref-type="table"} shows the mean and standard deviations of parameter values in the VT, AP and ML directions. For all parameters measured in the VT direction, we observed significant differences (*p* \< 0.05) between the three groups. In the AP component, significant differences were found in the RMS parameter (*p* \< 0.05) between pre-frail and frail groups and between robust and frail; in contrast, we did not find any statistically significant differences in the other parameters among groups. In the ML component, significant differences were observed between groups only for the symmetry parameter (*p* \< 0.05) and only between robust and frail groups. Since VT direction is the only component that shows significant differences between three groups, for the following statistical analysis and frailty classification analysis we will only consider this component of the signal.Table 2Mean parameter values, with standard deviations, in the VT, AP and ML directions and *p*-values between groupsRobustPre-frailFrail*Statistical Significance*Mean ± std.Mean ± std.Mean ± std.R-PFPF-FR-FGait velocity (m/s)0.59 ± 0.140.45 ± 0.130.32 ± 0.10\*\*\*Cadence (step/min)87.0 ± 14.888.4 ± 15.485.6 ± 16.6Step RegularityAP0.43 ± 0.160.40 ± 0.160.39 ± 0.17ML0.67 ± 0.160.69 ± 0.160.71 ± 0.14VT0.68 ± 0.160.58 ± 0.190.42 ± 0.21\*\*\*Stride RegularityAP0.45 ± 0.170.40 ± 0.160.41 ± 0.17\*ML0.64 ± 0.180.64 ± 0.190.65 ± 0.16VT0.64 ± 0.170.58 ± 0.190.44 ± 0.21\*\*\*SymmetryAP0.25 ± 0.200.24 ± 0.180.27 ± 0.19ML0.17 ± 0.150.16 ± 0.150.11 ± 0.11\*VT0.14 ± 0.110.18 ± 0.150.25 ± 0.21\*\*\*RMSAP1.00 ± 0.360.91 ± 0.330.77 ± 0.25\*\*ML1.10 ± 0.311.15 ± 0.391.10 ± 0.29VT1.29 ± 0.441.04 ± 0.410.69 ± 0.29\*\*\*Step Time CoV0.10 ± 0.070.12 ± 0.080.15 ± 0.08\*\*\*HRAP1.99 ± 0.601.96 ± 0.571.93 ± 0.61ML2.16 ± 0.642.09 ± 0.592.30 ± 0.83VT2.33 ± 0.552.15 ± 0.461.96 ± 0.57\*\*\*THDAP3.61 ± 1.953.62 ± 2.023.56 ± 1.77ML1.60 ± 0.701.71 ± 0.881.60 ± 0.69VT2.68 ± 1.113.35 ± 1.644.43 ± 2.34\*\*\*ApEnAP−0.63 ± 0.11−0.66 ± 0.12−0.62 ± 0.71ML−1.32 ± 2.91−1.42 ± 4.17−2.44 ± 8.93VT0.98 ± 2.191.96 ± 2.644.58 ± 3.85\*\*\*\**p* \< 0.05Acronyms: *Reg* regularity, *Sym* Symmetry, *RMS* signal root mean square value, *CoV* coefficient of variation of the step time, *ApEn* approximate entropy, *HR* harmonic ratio; total harmonic distortion (THD). All these parameters were obtained for three directions: vertical (VT), medio-lateral (ML) and antero-posterior (AP)

Fig. [2](#Fig2){ref-type="fig"} shows the 95 % CI of means differences for comparisons for the three groups for the VT component of each gait parameter.Fig. 295 % Confidence Intervals (CI) for the difference of means between three groups are shown for all parameters measured in VT direction

Frailty prediction and parameter selection {#Sec11}
------------------------------------------

A decision tree model was used to identify the most appropriate gait parameters to discriminate the three groups. Fig. [3](#Fig3){ref-type="fig"} shows the importance of each gait parameters defined in this study. It can be seen that the Step Regularity, the RMS and the THD have the highest scores among gait parameters. These three parameters were selected as the most appropriate to discriminate among robust, pre-frail and frail groups. We defined two classification tree models to discriminate frailty. The first one uses only the gait velocity as discriminating measure. Then the second model was defined using the gait velocity, the step regularity, the RMS and the THD.Fig. 3Decision Tree model to identify selected gait parameters

To evaluate the usefulness of trunk accelerometry for the prediction of frailty, the sensitivity, specificity, accuracy and precision of both models (gait velocity with and without the selected gait parameters) were computed. They are shown in Table [3](#Tab3){ref-type="table"}.Table 3Classification performanceSensitivitySpecificityAccuracyPrecisionGait VelocityRobust0.600.740.690.53Pre-Frail0.180.680.520.23Frail0.710.820.780.67G. V. + Selected gait parametersRobust0.740.810.780.66Pre-Frail0.480.780.680.53Frail0.770.900.860.79

As we can see in the Table [3](#Tab3){ref-type="table"}, the sensitivity, the specificity, the accuracy and the precision are significantly higher for the model with the selected gait parameters than for the model without the gait parameters.

The classification results for both models are shown in Table [4](#Tab4){ref-type="table"}. In this table, AUC of both models for robust, pre-frail and frail groups is compared. As can be seen, gait velocity (AUC = 0.782; 0.535; 0.823), was less sensitive than gait velocity and selected gait parameters (AUC = 0.863; 0.683; 0.896) for the identification of robust, pre-frail and frail levels respectively. Fig. [4](#Fig4){ref-type="fig"} shows the obtained ROC curves for the two classification models.Table 4Area under the curve comparisonGait VelocityG. V. + Selected gait parametersPairwise comparisons of ROC curvesDifference between areasAUC (95 %CI) ^a^AUC (95 %CI) ^a^Diff. ± S.E.^b^95 % CI*p*-ValueRobust0.782 (0.717 -- 0.838)0.863 (0.807 -- 0.908)0.081 ± 0.0280.025 - 0.1370.004Pre-Frail0.535 (0.462 -- 0.606)0.683 (0.612 -- 0.747)0.148 ± 0.0670.016 - 0.2800.028Frail0.823 (0.762 -- 0.874)0.896 (0.844 -- 0.935)0.073 ± 0.0190.037 - 0.110\<0.001^a^ Binomial exact ^b^ DeLong *et al*.; *S.E.* Standard ErrorFig. 4ROC curves of the two classificatory performance

Discussion {#Sec12}
==========

In this study, we can conclude that, during walking, the parameters calculated from the vertical component of the acceleration signals from a body fixed sensor (i.e., one including a tri-axis accelerometer, magnetometer and gyroscope) may be of great interest in the clinical assessment of frailty syndrome. In fact, adding the proposed selection of gait parameters (Step Regularity, RMS value and THD), there is an improvement in frailty classification obtained to gait velocity, compared to classification model based on gait velocity solely. This result proves that there is a close relation between frailty and erratic gait patterns, beyond a slow gait, and it could give relevant information for frailty assessment.

Indeed, this improvement in frailty classification using the information provided by the signals obtained with an inertial sensor, is observed for the three study groups: robust, frail and pre-frail. Both sensitivity and specificity of the classification are improved and also AUC comparisons from ROC curves show significant differences for the three groups. Especially relevant is the case of the pre-frail group. The sensitivity for this group increases from 0.18 for the gait velocity classification to 0.48 when gait parameters are added to the model. Moreover, the overall performance of the classifier as measured with the AUC of the ROC curve, shows an increase from 0.53, equivalent to a random selector, to a value of 0.68. Pre-frail status has been described as a previous state of frailty decline where subjects have an increased probability of developing this syndrome \[[@CR6]\], but also as a reversible state where an early detection of the symptoms and a suitable treatment could restore functional capacity \[[@CR32]\]. Thus, a technique that could provide relevant information for pre-frail status detection would be of great importance.

As mentioned above, gait parameters obtained from the VT component of the acceleration signal are more determinant in discriminating frailty than those obtained from AP and ML directions. Indeed, from the AP direction, only the RMS value shows significant differences between robust and frail groups and also between pre-frail and frail groups. In the same way, for the ML direction only gait symmetry showed significant differences between robust and frail groups. Those results are in concordance with previous studies analyzing gait in impaired populations. It has been observed that regularity and symmetry of step and stride measured from trunk acceleration differ between groups with diverse mobility disorders and can predict adverse effects, such as falls or diseases such as Parkinson \[[@CR22], [@CR33]\]. In our study, the regularity of step and stride measured in the VT direction exhibited significant differences between the frail, pre-frail and robust groups.

The RMS value showed significant differences between the study groups in the AP and VT directions. The values obtained for the robust group were significantly higher than those for the pre-frail and frail group. In several studies, high RMS values for the acceleration signal have been associated with more intense movements in a person with greater motor control, which implies a reduced tendency toward future adverse events resulting from frailty \[[@CR22]\]. This is clearly observed in the pattern of acceleration for each group. Furthermore, a low gait velocity, which is broadly associated with frailty, relates to a low signal level in acceleration patterns \[[@CR34]\].

The approximate entropy or ApEn parameter also clearly differed between groups. As mentioned in the methods section, ApEn measures the predictability of consecutive steps, with a lower value corresponding to more regular series, consisting in blocks similar to one another, and higher values to chaotic series. Therefore, a regular gait pattern with similar consecutive steps would result in low values of ApEn, while higher values would indicate an irregular motion. This seems consistent with the results obtained for the aforementioned regularity parameters; the control group showed lower ApEn values than the pre-frail and frail groups. Therefore, this result reinforces the idea that the kinematic parameters obtained by trunk accelerometry during walking are valid identifiers of motor disorders \[[@CR35]\] related to frailty syndrome. Moreover, since the majority of significant differences arise from the analysis of the VT component, we can deduce that the irregularities resulting from an erratic gait pattern manifest themselves through vertical movements.

The variability of parameters such as step length, step width, cadence and time support obtained from classic systems of gait analysis \[[@CR14], [@CR36]--[@CR38]\] has been considered to be a marker of motor dysfunctions resulting from frailty and also predictors of adverse events. A recent study by Osaka *et al*. \[[@CR16]\] found a strong correlation between these parameters and other gait parameters obtained with force platforms that have been widely accepted in gait analysis. Therefore, given the correlation between measurements obtained using force platforms and the variability of the step period obtained by trunk accelerometry during gait analysis, this feature may also serve as a good marker of frailty and adverse consequences. Our results are in agreement with the outcomes obtained by Osaka *et al*. \[[@CR16]\] using force-platforms; they highlighted regularity and symmetry in the VT component and the RMS value as valid gait descriptors. In contrast, our results are obtained from an affordable and portable inertial unit.

Previous studies indicate that older people with stability problems exhibit lower HR values than individuals without these problems \[[@CR15], [@CR39]\]. This finding is related to our results, which indicated a greater HR in the control group. The HR is used as an indicator of smoothness and rhythm during walking \[[@CR15]\]. The calculation of the harmonic ratio is based on the idea that the stride frequency, which is equivalent to two steps, is the fundamental gait frequency \[[@CR29], [@CR34]\]. Therefore, acceleration patterns that do not occur in multiples of two are considered "out of phase" and are indicative of irregular walking \[[@CR34], [@CR39]\].

Taking into account the frequency parameters, the THD is often used in signal processing to characterize the linearity of audio systems, power systems and radio communication systems. However, it has only recently been applied to gait analysis.

The frail group exhibited a higher THD value than the control group. As previously mentioned, the idea conveyed by this finding is that there is a greater presence of higher frequency components with respect to the fundamental gait in the frail group. Therefore, this result for the frail group suggests greater energy expenditure during gait corrections (fast movements) than during the performance of actual walking steps. By contrast, the control group expended most of their energy in the fundamental gait frequency, with less important contributions from the other frequency components. Consequently, a low THD level could indicate most of the energy expenditure performing the gait cycle would be focused in the stride movement, which suggests a regular and efficient gait pattern.

Summarizing, the frail group exhibited less "intense" movements with fewer motor control and more irregular series during walking than the robust and pre-frail groups, Moreover, the frail group exhibited reduced similarity with erratic gait pattern mainly through vertical movements, and greater energy expenditure in gait corrections.

An important limitation of the present study needs to be mentioned. Although in our study we have included elderly people that were able to walk, many frail elderly subjects exhibit shuffling gait. Their inability to perform stepping movements restricts the use of tri-axial inertial sensors with the purpose of gait analysis in this specific population. However, the aim of our study is to find subtle differences among groups that would otherwise go unnoticed and to investigate the differences in gait patterns among people that are able to walk. In the future, subsequent studies will be needed to investigate how frailty status and these walking parameters relate to important consequences, such as hospitalization and death.

Conclusion {#Sec13}
==========

We can conclude that the proposed selection of walking parameters (Step Regularity, RMS and THD) are able to demonstrate differences among individuals of varying frailty status and that simultaneously used with gait velocity measures, can provide useful information from an erratic walk for a more accurate frailty classification. Particularly in the case of pre-frail subjects this technique could improve the early detection of this state, allowing the clinician to prescribe a treatment for reversing their physical decline. Thus, this simple and portable technique provides a useful clinical methodology for assessing frailty in ambulatory environments.
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